The purpose of this paper is to discuss major factors of two well-known theoretical frameworks namely Technology-Organization-Environment (TOE) and Technology Acceptance Model (TAM), and examine how those factors could influence the Organizational decision on Cloud technology adoption. The research underlining was carried out using quantitative research methodology based on a survey questionnaire distributed to IT professionals across Australia. The survey questionnaire was developed based on 12 hypotheses and 24 indicator variables. Around 200 responses were analysed by using twotier approach (a) confirmatory factor analysis to confirm the reliability and validity of the latent variables, and (b) analysis of the structural model to confirm or reject the hypothesis. The final analysis of the results has revealed that only 8 hypotheses are significant and can be adopted. Furthermore, results have revealed that 4 hypotheses have a non-significant impact on the proposed framework and can be rejected from the framework.
Introduction
Cloud technology is one of the innovations that deliver information technology services in modern world. This technology has an immense potential for improving Organizational service delivery and performance at a higher rate of the Cloud adoption (Abduljalil and Zainuddin 2015) . The National Institute of Standards and Technology (NIST) defines Cloud technology as a model for enabling convenient, on-demand network access to a shared pool of configurable computing resources. Hence, this includes networks, servers, storage, applications, and services that can be rapidly provisioned and released with minimal management effort or service provider interaction (Alijani et al. 2014) .
Organizations around the world recognize Cloud technology as an emerging technology available in the information technology domain at current. This is due to its capabilities to assist organizations in reducing their overall expenditure through improvement in their services. In addition, the use of Cloud technology increases the collaboration across the organization and the scalability acceptance up to an exceptional level (Balasooriya et al. 2016) . The Cloud computing technology is an emerging technology that can be used to improve the way that organizations conduct their business. Cloud computing technology has capabilities to (a) reduce cost (b) improve performance (c) reduce maintenance (d) better storage, and (e) increased security (Maresova et a. 2017) which could certainly support organizations to transform their business operations to the Cloud. However, despite the emerging benefits of Cloud technology, Australian organisations are still far behind than the other countries in the world. Therefore, AlKharusi and Al-Badi (2016) found that the organizations who do not have prior experience and knowledge showed a negative attitude towards adopting this technology. Raza et al. (2015) explained that controversial view of the fear of job losses in the minds of the workforce is one of the major factors that have contributed slow growth of Cloud computing. Willcocks et al. (2013) believes that the adoption of Cloud technology beyond its IT operational benefits could be problematic and slow the adoption, and infrastructure failures could have contributed negatively to rethink about the decision to adopt this technology.
A significant number of empirical studies were found for Cloud adoption in general, but most of those studies were focused on general benefits and risks of Cloud adoption. Thus, there are limited academic focus on the Cloud Adoption in Local Government in Australia. Therefore, the focus of this paper is to integrate two well know theoretical frameworks, TOE and TAM frameworks together to study their impact on the Cloud adoption in Local Government environment Australia.
The paper is organised as follow: first we provide a comprehensive review of TOE and TAM models. We then present the conceptual research model with comprehensive review of factors with each model, which will provide the theoretical foundations for the research model and then propose the hypotheses. Thereafter, we discuss the research methodology and the results in details. Then we conclude the paper with summary of our contribution and discussion on the limitation of the research.
Review of the Research Framework

Technology, Organization, and Environment framework (TOE)
The TOE has been recognized as one of the organizational level theories that could help to describe its key elements: technology, organization and environment. The technology element will describe the internal and external technological context which is related to the organization. The organization element will describe the organizational context such as organizational size, scope, managerial structure and internal resources of the organization. Lastly, the environmental element will assist to identify the environmental area where organization conducts its business, its industry and technology dealings with the government. Therefore, TOE framework could be used to examine the influence of technological context (perceived benefits and costs), organizational context (organizational size, management support etc.) and environment context (trading partners, competitive advantages) on adoption of Cloud computing technology (Hsin-Pin and Hsiang-Ting 2014)
Technology Acceptance Model (TAM)
Organizations will be investing so much in information technology systems and projects for so many reasons such as cutting costs, reducing their pressure and improving the quality of services and products that they offer. Technology acceptance model (TAM) is one of the models that has been developed to predict the systems use (Legris et al. 2003 ). The TAM model has two key beliefs about a new technology, Perceived usefulness (PU) and Perceived ease of use (PEOU), determine a person's to adopt a new technology. Users acceptance of new technology depends primarily on its functions (PU) and secondarily on the ease or difficulty with which its functions can be performed (PEOU). The perceived usefulness (PU) and user attitude towards usage (A) may influence the behavioural intentions (BI) of the user to use the new technology that has been adopted (FĂDor 2014). The predictive power and parsimony of TAM enables researchers to apply it to various settings and analyse and understand different user behaviours (Ashraf et al. 2014) . Therefore, TAM is a useful theoretical framework that could be applied to understand and explain why users will accept or reject new technology (Legris et al. 2003 ).
Conceptual Research Model
Hsin-Pin and Hsiang-Ting (2014) and Lin (2014) have found that the TOE framework can only be used to categorize its variables and does not represent an integrated conceptual framework or will not produce a well-developed theory. Legris et al. (2003) , FĂDor (2014), Wu and Chen (2017) and Ashraf et al. (2014) revealed that TAM will only be measuring the perceived adoption on the future behaviour of the adoption rather than measuring the actual behaviour of the adoption. Wu and Chen [25] further mentioned that TAM cannot be used to handle new technological solutions or services due its restricted constructs within the model. Thus, Ashraf et al. (2014) has concluded that due to the limitations that have been found, TAM framework could not provide consistent results of the measured variables. Ashraf et al. (2014) has suggested extending the initial scope of TAM model to include other factors which could be important in technology acceptance.
In this research, a following conceptual research framework (as illustrated in Figure 1 ) has been developed by combining the TOE and TAM frameworks. However, to limit the scope of this paper, the author has used only technology context of TOE with PU & PEOU of TAM model to investigate how factors could influence the technology acceptance and adoption of Cloud technology.
Figure 1: Proposed conceptual model
It has been found that Relative Advantage (RA), Compatibility (COMP) and Complexity (CLX) are major contributing factors of Technological context in the TOE. Furthermore, the literature has been revealed that PU (Perceived Usefulness) and Perceived Ease of Use (PEOU) are two main factors in TAM which could influence adoption intentions of Cloud technology. Thus, proposed model will extend the initial scope of both model and will eliminate some of the limitations that have been discussed in this paper. Most importantly, integration of major constructs of both frameworks in the proposed model will provide a more accurate view of the technology adoption. Rogers (2010) explained relative advantage as the degree to which an innovation is perceived as being better than the idea it supersedes. Thus, it is a reasonable expectation for organizations to take into considerations of the advantages stem from adopting it (Wang et al. 2010 ). Hence, the adoption of Cloud computing technology could be seen as an adopting innovation to the organization. In particular, adopting innovative technologies such as Cloud computing technology could bring the benefits that are associated with it and offer economical and political legitimacy (Wang et al. 2016 ) to the adoption. However, further analysis has revealed that tangible and intangible benefits such as increase of revenue, reduction of operational cost, increase of productivity, increase of efficiency of work processes, response time improvement, increased cash flow, competitive advantage, improved customer service, better relations with business partners and other opportunities are some of the major elements of relative advantage (Hameed and Counsell 2014, Premkumar et al. 1994) . Thus, the relative advantage has a none-arguable significant influence on the decision of adoption of Cloud computing (Hung et al. 2010 ). As per previous findings, the researcher believes that adoption of Cloud computing technology could bring some valuable benefits such as reduced operating costs, improved response time, improved Australasian Conference on Information Systems Balasooriya
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Moving Local Government to the Cloud productivity and provide a greater competitive advantage to the organization. Therefore, many studies suggested that relative advantage or perceived benefits as one of the top influencing factors to be considered to examine the Cloud adoption, and it could positively affect the Cloud adoption (Hameed and Counsell 2014) .
Compatibility
Compatibility has been described as the degree to which an innovation is perceived as consistent with the needs, existing values, past experience and technological infrastructure of the adopter (Rogers 2010) . If new technology is more compatible with the existing business process and systems, the less resistance will occur during the adoption process (Premkumar et al. 1994) . Thus, resistance to the new technology has negative effects on the usage of the new technology. Thus, it could impact the adoption, and adopters most likely reject its adoption (Hameed and Counsell 2014 ) . However, Tornatzky (2005) suggested that compatibility factor could positively impact the Cloud adoption in an organization.
Complexity
Complexity in new technology adoption can be seen as the degree to which an innovation is perceived as relatively difficult to understand and use (Rogers 2010 , Haimes et al. 2015 . Thus, complexity factor could distance the Cloud adaptors from adopting Cloud technology for their organizations, and it could have a negative impact on technology adoption decisions (Hameed and Counsell 2014 
Perceived Usefulness (PU)
Perceived Usefulness (PU) has been defined as the degree to which a person believes that using a particular system would enhance his performance at work (Ratten 2015 , Balasooriya et al. 2017 . Thus, usefulness can be seen as user's perception of the benefits of using a technology or technological services. Also, the usefulness may impact user's lifestyle and the way that they do work. The users who believe that the new technology leads them to have good results will see it as useful (Balasooriya et al. 2017 , Awa et al. 2015 . PU is one of the most powerful diagnostic lenses that can be used to see how to use and intentions to use are influenced. A PU is one of the most powerful indicators that can be used in technology acceptance to measure user behaviour (Balasooriya et al. 2017 , Awa et al. 2015 . Furthermore, PU can be seen as a positive influential factor in Cloud adoption (Balasooriya et al. 2017, Armitage and Conner 2001) .
Perceived Ease of Use (PEOU)
PEOU is the degree to which a person believes that using a particular system would be free of effort (Balasooriya et al. 2017 , Balasooriya et al. 2016 . This element has been defined to measure the prospective users' assessment of the mental effort required for the use of target application (Balasooriya et al. 2017 , Awa et al. 2015 . Thus, this element will explain user's perception of how it is easy to use a new technology that they were willing to accept. Users always evaluate and accept the technology based on what kind skills, information and experiences are required to use the technology. Therefore, this indicator will predict the users' inner-feeling about the technology acceptance (Ratten 2015 , Balasooriya et al. 2017 ). Thus, PEOU can contribute positively to influence PU.
Adoption (AI)
Sintonen and Immonen (2013) and Balasooriya et al. (2017) argued that user willingness to adopt modern technology can be measured by analysing the market due to individual's behavioural intention to adopt or start new services. Therefore, individual organizations are often needed act and incorporate new technologies into their organization to improve their business processes to be competitive to survive in the rapidly changing market. Furthermore, Balasooriya et al. (2017) and Tsai & Hsu (2012) stated that organizational readiness is used as an element to measure the capabilities of an organization for adopting common systems, where organizational readiness positively associated with the adoption.
As illustrated in Figure 2 , twelve hypotheses were developed based on the above discussion. Furthermore, Figure 3 illustrate the visual representation of the hypothesis in the proposed model.
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Moving Local Government to the Cloud The sample that has been used in this study represent the general population of professionals who are currently employed and located in different geographical locations across Australia. At the end of the data collection phase, 210 responses were collected and analysed for the statistical validity of the data. Therefore, it has been found that only 92% of the data is statistically valid and can be used for further analysis. Eight percent of incomplete or invalid data has been removed from the dataset.
Research Methodology
As Isma'ili et al. (2016) explained, Partial Least Squares -Structural Equation Modelling (PLS-SEM) is a multivariate method that could be used to identify the correlative relationships between multiple variables. The concepts that are not directly measured will be operationalized by compositing factor analysis, and path analysis can be used to expose the relationships between each concept. Furthermore, Völckner et al. (2010) strengthen Ismaill's argument by explaining that PLS-SEM is the most suiFi approach for researchers when their proposed model is complex. He further explained that PLS-SEM does not lead to a non-convergent result in the complex modelling environment and it is particularity appropriate to produce better results.
Isma 'ili et al. (2016) and Balasooriya et al. (2017) further pointed out that PLS-SEM approach has a major advantage over other multivariate modelling techniques because PLS-SEM is s non-parametric method. Thus, PLS-SEM approach mainly helps researchers to (a) visualize the relationships exist between the indicator and latent variables, and (b) explore where organizations need to allocate more resources. Therefore, PLS-SEM has been chosen as an appropriate modelling technique for this study.
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Results and Discussion
Based on the literature review, the following model has been used for this study as illustrated in Figure 4 . Therefore, a factor loading coefficients indicate the strength and the direction of correlation between the indicator and latent variables. The relationship between each latent variable represents the structural model, which has been measured with PLS path coefficients.
Figure 4: Conceptual model with factor loadings
As described by Anderson & Gerbing (1998) , the two-tier approach has been adopted in this research study to overcome the issues in single-tier approach. Therefore, Internal consistency, internal reliability, convergent validity, and discriminant validity of the model will be examined within confirmatory factor analysis. Furthermore, the coefficient of determination (R2), Predictive relevance (q2), size and significance of paths coefficient, f2 effect size and q2 effect size will be examined within the analysis of structural equation model.
Approach 1 -Confirmatory factor analysis
The composite reliability varies between 0 and 1, which higher values indicate the higher level of reliability and lower values indicate the lower level of reliability. As suggested by Hair et al. (2014) , composite reliability value of 0.50 will an acceptable threshold value to evaluate the internal consistency reliability. Hair et al. (2014) further added that composite reliability values below the standard threshold of 0.50 will indicate a lack of internal consistency reliability of the model.
The coefficients of determination (R2) of Perceived Usefulness (PU) is 0.50, Perceived Ease of Use (PEOU) is 0.40 and Adoption intention (AI) is 0.30. Thus, this explains that relative advantage (RA), compatibility (COM), and Complexity (CLX) explain 50% of the variance of PU and 40% of the variance of PEOU.
Furthermore, RA, COM, CLX, PU and PEOU explain 30% variance of adoption intention (AI). Figure 5 illustrates the values of coefficients determination (R2) of the proposed model. The values of inner-model suggest that PEOU has the strongest effects on PU (0.572), followed by RA ->PEOU 0.344, COM->PEOU 0.335, COM->AI 0.300, PU->AI 0.225, CLX->PEOU 0.207, RA->AI 0.202 and CLX-PU 0.194. Furthermore, RA and COM have similar effects (0.34) on PEOU. Therefore, it suggests that hypothesized path relationships of H12, H3, H6, H4, H10, H9, H1, H8 have exceeded its standardized path coefficient threshold of 0.10, and are statistically significant. However, the hypothesised relationship between perceived ease of use (PEOU) and adoption intention (AI) has reported a strong negative effect. Furthermore, the relationship between RA->PU, CLX->AI, and COM->PU have reported weaker relationship, and are under its standardized path coefficient threshold value Australasian Conference on Information Systems Balasooriya
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Moving Local Government to the Cloud of 0.10. Therefore, the test has confirmed that H2, H7, H5 and H11 are statistically non-significant in the proposed model.
As Isma'ili et al. (2016) concluded, it is an essential procedure to determine the reliability and validity of the latent variables to complete the examination of the model. Thus, it is important to examine the values of indicator reliability, composite reliability and average variance extracted in the proposed model. As illustrated in The composite reliability has been used to find the internal consistency reliability of the model (Hair et al. 2011) . As illustrated in Table 1 , the composite reliability values presented are greater than its standard threshold value of 0.6. therefore, this result has confirmed a higher level of internal consistency in the proposed model. Hair et al. (2014) argued that indicator loadings must be statistically significant, and it need greater than of its standard threshold of 0.80. therefore, the common method to establish convergent validity on a latent variable is Average Variance Extracted (AVE), and it has been defined as the grand mean value of squared loading of the indicators. A standard AVE threshold value of 0.50 or higher will explain more than half of the variance of the indicators in the model.
To explore the convergent validity of the mode, average variance extracted (AVE) are examined. It has been found that all the AVE values that are presented in Table 1 , are greater than its threshold value of 0.50, and this result has confirmed that convergent validity of the proposed model. The latent variable RA which has reported .370, which is less than its threshold of 0.50 and indicated that it is not a valid factor in the model. However, Hair et al. (2014) argued that if composite reliability value is higher than 0.60, then the convergent validity of the construct still adequate, and can be accepted. Therefore, RA construct will be in the model as an individual construct and will not be removed or incorporate with another.
As explained by Hair et al. (2014) , Discriminant validity explains that a construct is truly distinct from other construct by empirical standards. There are two methods of accessing discriminant validity as (a). examining cross-loadings, and (b). using Fornell-Lacker criterion. Therefore, in this study, the Fornell-Lacker criterion will be used to assess the discriminant validity. During the Fornell-Lacker process, it compares the square root of average variance extracted (AVE) with construct correlations. Fornell and Larcker (1981) stated that the square root of AVE in each latent variable can be used to establish discriminant validity if this value is larger than other correlation values among the latent variables. Therefore, the results of the Fornell and Lacker's analysis that have been presented diagonally in Figure 6 have exceeded its standard threshold value of 0.50, which confirms the discriminant is well established in the model. Australasian Conference on Information Systems Balasooriya
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Approach 2 -Analysis of structural equation model
Approach 1, the confirmatory factor analysis (CFA) has been designed to confirm the reliability and validity of the construct used in this study. Thus, approach 2, analysis of structural model is used to assess the results of the structural model, which will examine the model's predictive capabilities and the relationship between latent variables (construct). Kock (2015) defined collinearity as a predictor-predictor phenomenon in multiple regression models. In this perspective, two or more predictors could measure the same underlining construct. Thus, path coefficients could be biased if the estimation involves significant level levels of collinearity among the predictor construct (Hair et al. 2014) . Kock & Lynn (2014) suggested that if all VIF's values are equal to or lower than 3.3, the model will be free of common method bias. Furthermore, Hair et al. (2014) has suggested that if collinearity is indicated by the tolerance, then researchers need to consider eliminating construct, merging predictors into a single constructor or creating a higher-order construct to treat collinearity issues.
As illustrated in Figure 1 and Figure 3 , the structural model relationship represents the hypothesized relation between construct in the model. The path coefficients of the model illustrated have a standardized value between -1 and +1. Therefore, estimated path coefficients close to +1 indicate a strong positive relationship that is always statistically significant. Furthermore, the estimated path coefficients closer to 0 indicate the weaker relationship, and statistically nonsignificant. However, Hair et al. (2014) argued that whether an estimated path coefficient is significant eventually depends on its standard error. Therefore, path coefficient is significant at a certain error probability, when t value is greater than the critical value. Hair et al. (2011) mentioned that commonly used critical values for two-tailed tests are 1.65 (significant level =10%), 1.96 (significance level =5%), and 2.57 (significance level =1%). As mentioned by both [46] and [51] , critical value 1.96 with significance level = 5% has been adopted in this study.
The coefficient of determination or R2 value measures the predictive accuracy, and calculate the squared correlation between endogenous construct's actual and predictive values of the proposed model of this study. Thus, the R2 value ranges from 0 to 1, where a higher level of R2 indicates the higher level of predictive accuracy of the construct in this model. Hair et al. (2014) suggested that scholarly research could use the R2 values ranging from 0.75, 0.5 and 0.25. Therefore, the R2 value of 0.50 has been adopted as a moderate value in this study.
In addition to evaluate the R2 values of the endogenous construct in this study, it is an essential procedure to evaluate the change in R2 values when a specified exogenous construct is omitted from the model. Thus, f2 effect size will be used to examine whether omitted construct has a substantial impact on the endogenous constructs in the model.
In addition to evaluating the magnitude of R2 values of predictive accuracy, it is an important procedure to examine the Q2 value, which is an indicator of the model's predictive relevance. Hair et. al., (2011) mentioned that Q2 accurately predicts the data points of indicators in reflective measurement model of endogenous constructs and endogenous single item construct. Hair et al. (2011) further extended his argument and concluded that Q2 values greater than 0 for a reflective endogenous construct indicate the path model's predictive relevance of a construct.
To investigate the significance of inner-model and outer-models, T-statistic values are generated through the bootstrap procedure in SmartPLS. The means and standard errors of each coefficient were computed. The two-tailed statistics were used to determine if the mean value of each coefficient was significantly different from 0 at the conventional ߙ = .50 level of statistical significance (Balasooriya et al. 2017 , Isma'ili et al. 2016 ) Table 2 , the T-statistic values of H1, H3, H4, H6, H8, H9, H10 and H12 have exceeded the standard threshold value of 1.96. This result has confirmed the outer loading of the proposed model is highly significant, and the validity of the H1, H3, H4, H6, H8, H9, H10 and H12. Therefore, we can confirm that the hypotheses (H1, H3, H4, H6, H8, H9, H10 and H12) that have been developed are true and they can be adopted. However, H2, H5, H7 and H11 are not highly significant in the proposed model, and thus, it cannot be adopted. Based on the results of the two-tier approach used in this study, it has been revealed that hypothesized relation between PEOU and PU is highly significant, and PEOU significantly affects the PU (0.572). Also, it has been revealed that relationship between PEOU and AI is non-significant, and PEOU has a strong negative effect on AI (-0.040). furthermore, RA (0.344) and COM (0.335) will moderately impact PEOU but has a weaker impact on PU. In addition, it has been revealed that Compatibility (COM) has a strongest direct impact (0.344) on adoption Intention followed by Relative Advantage (0.202). Complexity (CLX) has indicated that it has the weakest direct influence (0.042) on adoption intention.
In addition to above findings, analysis of inner model demonstrated in Figure 4 expressed that Relative Advantage (RA), Compatibility (COM), Complexity (CLX) Previewed Ease of Use (PEOU) and Perceived Usefulness (PU) together can only explain 31% of the variance in adoption intention. Furthermore, Relative Advantage (RA), Compatibility (COM), Complexity (CLX) Perceived Ease of Use (PEOU) together have explained only 51% of the variance in Perceived Usefulness (PU), and together with Relative Advantage (RA), Compatibility (COM), Complexity (CLX) explained only 40% of the variance in Perceived Ease of Use(PEOU). However, despite uncaptured concerns in the inner model, Figure 4 suggests that Relative Advantage (RA), Compatibility (COM), Complexity (CLX) and Perceived Usefulness (PU) together is more significant in influencing adoption intention of new technologies, which is also not found in previous studies.
Conclusion and future direction
This paper has examined how organizations can improve Cloud adoption decisions by evaluating an integrated TOE and TAM frameworks. Thus, this paper has combined only technical component of the TOE with TAM framework and examined how those factors of the integrated framework could improve the adoption decisions. This study is empirically examined using 200 statistically valid samples, and results were validated for reliability and validity and confirmed the suitability of the hypotheses. The results of this analysis have provided the valuable insight and deeper understanding of the literature.
During the analysis, PLS-SEM technique has been used to analyse the data and it proved that the technique is fit for this type of research studies.
The scope of this research study was limited to an Australian organization and technology component of the TOE framework, and PU and PEOU of the TAM framework. As a future direction, the original scope of this study can be extended to other organizations and countries, and extend the scope of the TOE and TAM frameworks.
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Moving Local Government to the Cloud With the increasing popularity of Cloud services, Cloud security and privacy issues are gaining their importance. While there are several Cloud security issues, the one that is most worrisome for customers is data security, which includes data confidentiality and privacy protection. Stringent security measures must be used to protect the Cloud data from hacker attacks. Hackers target user data with the intention of identity theft or financial fraud, which are very serious problems. Furthermore, Cloud service providers must consider using service level agreements to provide an assurance to their customers about data protection and privacy.
In this review, applicable data and privacy protection laws have been discussed briefly, which is an important factor in the adoption or use of this Cloud computing technology. Thus, this area must be explored in detail in future studies.
